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Abstract
Current transportation funding allocation methods are very complex due to limited
budgets and conflicting interests. In order to maintain an efficient infrastructure transportation
system, agencies must balance the allocation of funds required either to increase the roadway
capacity or to preserve the existing roads in service. Depending on the target objectives and
specific constraints, the funding allocation process is approached using different methods. The
funding allocation process is usually addressed using expert judgment which involves subjective
criteria, weighted formulas with pre-established priorities, or a combination of both. However,
formula-based funding allocation methods may lead to the public’s disagreement if final
decisions are not perceived as fair or equitable. For example, if the funding allocation process is
based on population or total highway miles, some agencies may perceive it as unfair. Obtaining
consensus on the funding allocation criteria is very difficult due to multiple interests and
different perspectives from each of the participants requesting the funds. The perception of a
participant towards the final allocation of funds could result in the generation of envy if one or
more participants believe that the allocation is unfair.
An alternative approach for

funding allocation is to use fair division methods. Fair

division methods aims to result into a more effective and equitable practice. This thesis presents
a Fair Division Transportation Funding Allocation Model (FDTFAM) as an alternative method
to fairly distribute limited funds among participants. A mathematical formulation is developed to
minimize the total envy based on the own priorities of each participant and the overall budget
constraints. FDTFAM is solved using ranking or optimization methods. A case study was
conducted to compare the results of both methods.

The formulation of the fair division

allocation mathematical model and the application of an optimization genetic algorithm to solve
the fair division problem are the major contributions of this research.
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Chapter 1: Introduction
Primarily, funding for transportation projects is capitalized from gasoline, diesel, and
alternative fuels taxes; truck, bus, trailer; and heavy vehicle usage fees (Bass 2010). Despite the
millions of dollars currently spent, the Departments of Transportation (DOTs) are unable to satisfy all
the demands for building new roads and for conducting maintenance and rehabilitation of the existing
roads and transportation services to preserve or improve their current level of service.
1.1

Research Problem
Recent studies show the increasing interest of TxDOT to analyze the impacts in economic

growth that different transportation projects produce. These case studies look at projects that added
capacity to the system, increasing the mobility, in order to reduce the costs of congestion delays.
According to these studies, the use of Texas’ roads increased by 95% while capacity increased only
8% over the past two decades. This trend has caused high congestion levels in roads and if
conventional funding methods continue only an additional 6% of new capacity will be added
(Hagquist 2012). This trend has not only been experienced in large cities, it is a problem that affects
all cities in Texas regardless of their size. It affects the small cities as well as the large or medium
cities where an increase in population has taken place. In order to address this funding problem,
increasing fuel taxes to collect more funds or improving the current allocation methods and project
selection processes could be suggested. However, since the increase in taxes will not be approved by
the majority of people, the alternative is to develop innovative funding methods and reanalyze the
project selection process for better balanced investments. A new funding allocation method that
provides more equitable and efficient allocations is required. This method must result in allocating
funds to the most needed projects for each city while perceiving that each allocation received is fair in
their own eyes. This new allocation method would mitigate the problem of funding the most desired
projects; and it will not increase the total budget amounts.
There are different methods to approach funding allocation. Traditional methods include
formulas set by a given agency to prioritize projects requested for funding. These formulas assign
weights to performance measures or indicators to determine the level of priority for each individual
project. However, these methods may lead to the public’s disagreement if the decisions are perceived
1

as unfair or not equitable. On the other hand, optimization methods are aimed to maximize or
minimize a given objective. Generally, these methods are used to maximize benefits with budget
constraints or to minimize costs subjected to certain constraints. Chan et.al (2003) suggests a geneticalgorithm (GA) optimization solving technique to allocate the total funds available to the district
agencies in order to achieve target performance. The funding allocation problem considers the overall
objective of the agency as well as the district target objectives by using a two-stage algorithm. The
first stage uses the regional or district objectives and constraints to generate possible solutions to the
problem. Then, the second stage analyses the solutions obtained in the first stage using the objectives
and constraints of the individual agencies. The results of the proposed technique is shown in terms of
the network pavement condition and compared to the results of typical funding allocation methods.
This paper shows an innovative solution method; however, the two-stage algorithm cannot be used to
solve multi-objective problems while solving all the objectives simultaneously. Tsunokawa and Van
Hiep (2008) presented an optimization approach for the allocation of a system-wide budget among
road assets. This method uses the net present value (NPV) as the common denominator for prioritizing
the funding allocation in all asset subsystems. Using an asset subsystem optimizer (ASSO) the NPVs
are used to generate the NPV functions to find the optimal allocation among all subsystems. Once the
optimal budget allocation is obtained, the ASSO is used to find the optimal management strategy using
the optimally allocated budget.
Most recently, innovative funding allocation methods have been used to maximize the benefits
of funds invested in projects. Despite the method used for maximizing funding allocation, there is a
pre-established criterion that applies to all the participants when setting priorities for project selection.
Individual preferences of participants may be based on a different criteria based on their own
perspective and local needs. This thesis presents a Fair Division Transportation Funding Allocation
Model (FDTFAM) to incorporate individual preferences in the decision-making process. The model is
based on fair division concepts of proportionality, envy-freeness, equitability, and efficiency. It
considers the allocations of funds among different sizes of cities: large, medium and small regions.
These groups were created to study the relation, if any, between envy generation and region size since
current methods seem to benefit the large areas more than others. The funding allocation model
presented in this thesis is based on fair division methods. The model considers individual preferences
2

from participants to prioritize the projects requested for funding. Also, it establishes a new
mathematical formulation to minimize the total envy produced as a result of the funding allocation
process.
1.2

Thesis Organization
Chapter 1 provides an introduction to funding allocation in transportation projects, describes

the research problem, suggests a possible solution to the problem and describes the chapters contained
in this thesis.
Chapter 2 presents a literature review performed on fair allocation including proportional and
envy-free methods. Optimization techniques to solve fair allocation problems are also described in this
chapter. The applicability of single objective and multi-objective optimization models to fair division
problems is also described in this chapter.
Chapter 3 describes the project selection and funding prioritization processes followed by the
Texas Department of Transportation (TxDOT). The first section covers the funding categories and the
transportation plans used to classify the candidate projects. The second section describes the role of
the Metropolitan Planning Organization (MPO) for improving the road regional network in the shortterm and long-term plans.
Chapter 4 introduces the Fair Division Transportation Funding Allocation Model (FDTFAM)
which combines concepts of the Point Allocation and Adjusted Winner (AW) methods. This model
defines the individual preferences of the participants and aims to minimize the envy generated by the
allocation. In this model, projects are ranked by their preference or desirability, in other words, how
desirable a certain project is to the participant based on his/her own criteria. This model can be solved
by using a ranking or an optimization method.
Chapter 5 describes the application of FDTFAM in a case study. The case study uses data
provided by TxDOT and includes 121 projects from 21 districts. These transportation projects were
tested under four budget scenarios. In Scenario 1, the budget available for funding was 50% of the
total funds requested by all the districts. In Scenario 2, the budget available for funding was 75% of
the total funds requested by all the districts. In Scenario 3, the budget available for funding was 80%
of the total funds requested by all the districts. In Scenario 4, the budget available for funding was

3

90% of the total funds requested by all the districts. The funds were allocated using the ranking
method (bubble up technique) and the optimization method described in Chapter 4.
Chapter 6 summarizes the main conclusions and major findings of the study. This chapter also
presents recommendations for implementation and describes the major contributions of the research
with ideas to expand future research.

4

Chapter 2: Literature Review on Fair Allocation Methods

2.1

General Background
The problem of dividing resources fairly can be generalized by defining the allocation of a

resource over n number of participants expecting to receive a portion of the good. In order to achieve
fair division, it is desired that the procedure implemented satisfies four requirements:


proportionality,



envy-freeness,



equitability,



and efficiency.

First, the procedure must lead to a proportional distribution, i.e., each participant expects to
receive at least 1/n of the resource. Second, the procedure must be envy-free, i.e., each participant
believes that the received amount is fair and there is no reason to exchange their share. Third, the
procedure must be equitable; i.e., individual valuation of the portion received by one participant is
equal to the valuation of the other participants. Fourth, the procedure must be efficient or Pareto
optimal, i.e., no other allocation would benefit one participant without affecting another (Nuchia and
Sen 2001). The achievement of all these four fair division characteristics simultaneously could be
guaranteed only for two participants (Dupuis-Roy and Gosselin 2009). In most of real life problems,
there are more than two participants involved, and it is very unlikely in practice to fully achieve
proportional, envy-free, equitable, and efficient solutions (Brams and Taylor 1996). In spite of this
limitation, fair division methods have been used in an attempt to solve the problem of dividing goods
among several participants.
Fair division methods strive to make allocations focused on two of the four main
characteristics: proportionality and envy-freeness. Therefore, fair allocation methods can be classified
into two main groups: proportional and envy-free methods. The method to use depends on the type of
allocation that is desired to achieve. A proportional allocation method attempts to assign the goods in a
manner that all the participants receive the same amount. An envy-free allocation method strives to
distribute the items based on the participants’ preferences; goods are assigned to the participant who

5

shows more desire for it. Figure 2.1 shows an overview diagram of current Fair Division methods
(Chang et al 2013).

FIGURE 2.1: OVERVIEW OF FAIR DIVISION ALLOCATION METHODS.
There are several fair division theoretical methods that attempt to solve the problem of dividing
any type of good among several participants while trying to achieve a proportional, equitable, fair, and
envy-free allocation for all. These methods have been used to achieve a fair allocation of divisible and
indivisible goods, such as, the Divide and Choose Procedure, the Moving Knife, the Last-Diminisher
“Trimming Algorithm”, the Successive Pairs Algorithm, the Knaster’s Procedure, the Adjusted
Winner (AW) Procedure, and the Point Allocation.

6

2.2

Proportional Methods

2.2.1

THE MOVING KNIFE
The moving knife procedure is inspired and illustrated by the process of how to fairly divide a

cake among several participants and to satisfy preferences with the fewer amounts of cuts (Barbanel
and Brams 2004). To illustrate this procedure, consider that a resource A is a rectangular cake of length
X with constant width. It is to be divided into n pieces; where n represents the number of participants.
In order to divide the cake, one of the participants places a knife on the left side of the cake and
perpendicular to the length X. Then, the participant moves the knife continuously to the right of the
cake and makes a cut when one of the other players calls for it. It is perceived that the knife has moved
a distance x1 that yields at least 1/n of the cake (Barbanel and Brams 2004). After the cut is made, the
piece is given to whoever placed the call and then leaves. If two or more persons call for a cut, the
piece will be given randomly to one of them. This process continues for n-1 remaining participants
until one participant is left.
2.2.2

LAST-DIMINISHER “TRIMMING ALGORITHM”
The Last-Diminisher trimming algorithm method is used to distribute homogeneous and

divisible goods. In this procedure, participant 1 cuts a piece of size 1/n of a good and participant 2
takes the piece and trims it if he believes that its size is greater than 1/n. The piece is passed
successively and trimmed until it reaches Participant n–1. The participant n can take the piece to
conclude, otherwise it is allocated to the last person who trimmed it. This process is repeated with the
remaining pieces until only one participant is left (Austin 1982).
2.2.3

SUCCESSIVE PAIRS ALGORITHM
In this method, the problem considers that a resource has already been divided among n

participants and each participant owns at least 1/n. Let us assume that a new participant is included in
the division of the resource. Now, the resource has to be distributed for n+1 participants. Consequently
the original participants share has been converted to 1/(n-1). Participants 1 through n–1 are now
required to divide their pieces into n+1 equal parts. After this division has been performed, the new
7

participant is allowed to choose one part from participants 1 through 1–n. This will guarantee that each
of the participants receives at least (n)/(n+1) from 1/(n) (Austin 1982).
Proportional methods assume that the goods are divisible; but in real world, a combination of
divisible and non-divisible goods is very common, e.g., machinery, equipment, buildings, etc.
Proportional methods are useful when the item to be distributed is continuous and homogeneous.
However, the main limitation of proportional methods is that they only guarantee envy-free allocations
in distributions between two participants (Brams and Taylor 1996).

2.3

Envy-Free Methods

2.3.1

KNASTER’S PROCEDURE
In the Knaster’s procedure there is a set of assets or goods A that have to be distributed among

P participants. The Knaster’s procedure resembles an auction because each good is assigned to the
highest bidder. The amount of money for the bid is divided among the participants and requires that
each individual owns some initial amount of money placed as a deposit. This deposit is used to pay
those individuals who receive less or nothing at the end of the bidding as compared to everybody else
(Chang et al 2013).

2.3.2

ADJUSTED WINNER (AW) PROCEDURE
The AW algorithm was proposed by Brams and Taylor (1994) to provide an envy-free,

equitable, and efficient solution. In this method, the goods are distributed as in the Knaster’s procedure
but without the need of a deposit and then adjusted to make the number of points of each participant
equal to each other (Viz. the goods are redistributed to achieve equitability in the number of points
allocated).
2.3.3

DIVIDE AND CHOOSE PROTOCOLS
The Divide and Choose method follows one simple rule: “one divides and the other chooses”.

Under this method, each participant receives at least 1/n of the good in question, where n is the
8

number of participants. The proportion is defined by the participant’s own evaluation and the second
person chooses the part that he thinks is fair for him. Let’s consider the problem where two individuals
resolve to share a divisible good. This problem can easily be solved in two steps: first, one participant
divides the good, and then the second participant chooses the share portion (Barbanel and Brams
2004).
2.3.4

POINT ALLOCATION
In point allocation, a hypothetical number of points, e.g. 3, 5 or 10 are used to formulate a

preference list by each participant. This allocation is based strictly upon decision makers’ judgments.
In this procedure, each participant assigns a value to any good in consideration; then, the participant
with the highest scores per good obtains the corresponding item. An envy ratio (assigned score to
actual score) is calculated to assess the envy-freeness of the allocation based on the differences among
these ratios (Saunders 2011).

2.3.5

ENVY-FREE AND OPTIMAL SOLUTION ALGORITHMS
Fair division methods aim to achieve envy-freeness in the allocation of goods; however, it does

not provide optimal solutions. The development of algorithms that improves envy-free and efficient
allocations at the same time has gained more interest. Procedures which contain similar notions to
Knaster’s have been developed to find envy-free and efficient solutions to the fair division problem.
Aragones (1995) proposed an algorithm that finds envy-free solutions where the number of participants
is equal to the number of items. The items are a set of indivisible objects and a fix monetary amount.
The benefit that the participants receive from the allocation is approximated by a quasi-linear utility
function. To be initialized, the algorithm requires a Pareto efficient allocation of the resources.
Another algorithm developed to determine envy-free and efficient allocations was proposed by Klijn
(2000). This algorithm was developed for resource allocation in the public sector (Foley 1967) to
achieve equity, envy, and efficiency; and was based in a derivation of the money Rawlsian solution
(Varian 1974). Klijn’s algorithm is similar to Aragones’s but it does require an initial Pareto allocation

of the objects. It is set with a random allocation followed by a directed graph with nodes that
correspond to the objects. The vertices of this graph represent the indifference or envy among the
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participants. The algorithm eliminates the envy vertices in order to provide an envy-free and efficient
allocation solution.
Another approach to improve envy-free procedures was proposed by Nuchia and Sen (2001).
In their approach, the participants are referred to as agents. A two-stage protocol is used to identify all
possible exchanges between the agents in order to improve the efficiency in envy-free allocation
procedures. A graph G = (V, E) is defined where the vertices represent the agents. Each vertex is
assigned a weight representing the net gain in utilities from a possible envy-free exchange. The
exchange is possible only if both agents have a gain in utilities. The iteration of the protocol continues
until no additional improvement can be achieved.

2.4

Optimization Methods
In addition to fair division methods, several documents were reviewed to investigate innovative

techniques used to allocate funds, such as optimization and genetic algorithms. Optimization methods
look for optimal solutions to the problem formulation. In the past decades, multiple optimization
methods have been developed to solve a wide range of problems. A summary of the most common
optimization methods are described as follows.

2.4.1

SINGLE OBJECTIVE OPTIMIZATION MODELS
These models are used when the problem has one objective (minimize or maximize), one or

more constraints, and more than one variable. This is the simplest optimization model and depending
on the constraints and objective formula it might be solved manually. These models give optimal
solutions. Some examples of single objective optimization models include the linear and the integer
programming (Sarker and Newton 2008).

2.4.1.1 LINEAR PROGRAMMING
A linear programming model is a single objective optimization model in which the variables
are real numbers and the objective function and all constraints functions are linear functions. This

10

model is used to find the positive values of the unknown variables, which will satisfy the constraints
while maximizing or minimizing the linear objective function (Sarker and Newton 2008).

2.4.1.2 INTEGER PROGRAMMING
Integer programming is an extension of the general linear programming problem. The decision
variables of an optimal solution to a general linear programming problem may take on either
nonnegative fractional values or integer values. In some cases, fractional values are not acceptable as
solutions (Sarker and Newton 2008). Integer programming gives positive integer values of unknown
variables. There are three types of integer programming models:


Integer: where all the decision variables are integers.



Binary integer: where all the decision variable values are binary (either zero or one) only.



Mixed integer or mixed integer linear: linear programs with some integer and some real
decision variables.

2.4.2

MULTI-OBJECTIVE OPTIMIZATION MODELS

These models are used when the problem to be solved has two or more objectives (usually one
minimizes and the other maximizes), one or more constraints, and more than one variable. These types
of problems are more complex and usually require software with optimization capabilities to solve the
mathematical formulation. These models provide optimal solutions to the problem. Some examples
include goal and nonlinear programming.

2.4.2.1 GOAL PROGRAMMING
Goal programming is used to solve multi-objective optimization problems. In this model, a
specific numeric goal is established for each goal function (constraint), and then a solution is derived
that minimizes the (weighted) sum of deviations of these goal functions from their respective goals
(Sarker and Newton 2008).

11

2.4.2.2 NONLINEAR PROGRAMMING
A nonlinear programming model is similar to a linear programming model with one exception;
it contains nonlinear terms whether in the objective function or in the constraint equations or both
(Sarker and Newton 2008).

2.4.3

HEURISTIC TECHNIQUES
Heuristic techniques are used to solve optimization problems but may not guarantee optimal

solutions; however, they produce acceptable solutions. These methods are used when an exhaustive
search approach to the problem is impractical. It is used to speed up the search process and is based on
conventional optimization techniques or traditional artificial intelligence techniques (Sarker and
Newton 2008). Some examples of heuristic methods include the hill climbing, the simulated
annealing, the tabu search, the genetic algorithm, and the ant colony optimization algorithms.

2.4.3.1 HILL CLIMBING
In this method, the model does not accept a new solution unless it is better than the best
solution found so far. This algorithm is more likely to end up with a local optimum and is very
sensitive in regard to the starting point (Sarker and Newton 2008).

2.4.3.2 SIMULATED ANNEALING
This method is based on the “annealing” technique which is a heat treatment process that
involves heating and cooling. It simulates heating up a solid to a point where its atoms can move freely
and then cooling it down to allow them to rearrange themselves. This mechanism allows the model to
avoid

local optimums. The algorithm behaves like a random search at high temperature (solutions

with higher probability) and like a hill climbing method at low temperature (solutions with a
probability close to zero) (Sarker and Newton 2008).
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2.4.3.3 TABU SEARCH
Tabu search is an iterative process that unlike the hill-climbing approach, accepts lower-quality
solutions in any intermediate iteration. In order to prevent cycling, it forbids movements previously
done in the model. These movements are recorded in a list called “tabu list” which is updated in every
iteration (Sarker and Newton 2008).

2.4.3.4 GENETIC ALGORITHMS
This algorithm, unlike the previous optimization methods, starts with a randomly generated
population (set of solutions) and then move from one population to another. The algorithm continues
until the stopping criteria are met. It uses search operators like crossover and mutation to generate new
solutions, and natural selection to select only the best solutions (Sarker and Newton 2008).

2.4.3.5 ANT COLONY OPTIMIZATION
This algorithm follows the ant behavior to solve problems. Ants tend to leave pheromones on
the paths traveled. The level of pheromones increases over time, and the shortest paths contain a
higher level. Ants prefer to take the paths with higher levels of pheromones because it results in the
best path (Sarker and Newton 2008).
Based on the different characteristics and capabilities of the optimization methods available for
the solution of the fair division problem, it was concluded that the best solving method is the genetic
algorithm. Genetic algorithms provide solutions to multi-objective problems, and are able to search for
multiple solutions, thus preventing a local optimum. This algorithm is recommended in the case of the
funding allocation problem because it is able to search for a large combination of solutions by using
crossovers and mutations among sets of solutions or populations.

2.5

Application of Optimization Solving Techniques in Fair Division Problems
Fair division problems are difficult to solve when trying to achieve a perfect envy-free result.

Different optimization techniques could be applied as a solving technique to improve the optimality of
results. In 2007, the problem of allocating indivisible objects between two participants was formulated
as an Integer Linear Programming problem in “How to allocate hard candies fairly” (Dall’Aglio and
13

Mosca 2007). In this technique, dynamic programming is used in combination with a branch and
bound technique (Adjusted Winner procedure) to find an optimal solution using the backtracking
procedure of the knapsack algorithm.
The difficulty with the common fair division problem is that it tends to be NP-complete
(Nondeterministic Polynomial) while trying to minimize envy (Vetschera 2010). There are no fast
solutions known for NP-complete problems. However, there are several approaches to achieve a fair
division of goods minimizing envy among participants. For example, Lipton et al (2004) focus on
setting an upper bound to minimize envy in which the bound is determined by a utility function.
Nevertheless, this algorithm is only useful when the participants’ utility functions are the same.
Rudolph Vetschera (2010) considered the fair division problem with two participants for a set of
indivisible items and applied a branch and bound technique to solve the problem. In this approach, the
bounds ignore the indivisibility of the items and the different participants’ valuations.
Optimization techniques can be applied to solve fair division problems because they can
provide improved solutions to complex problems. In order to use optimization solving techniques, the
allocation problem must have objective formulas based on fair division principles such as envy and
proportionality. Once the objective formulas are defined, it must be arranged to minimize or maximize
each objective by setting up constraints for the possible set of solutions. Optimization methods must
be analyzed to select the solving technique that best suits the problem’s needs.

2.6

Conclusions from the Literature Review
The literature review on fair division methods usually addresses theory that involves few

participants and divisible goods. These are ideal situations but do not represent real life problems.
Usually, real life allocation problems involve the funding of indivisible projects among a group of
participants. Therefore, it is very unlikely to fully achieve simultaneously the four fair division
characteristics of proportional, envy-free, equitable, and efficient solutions when there are several
participants requesting funds. Based on this literature review, it is concluded that there is no fair
division model that can be applied directly in its pure form, to address the funding transportation
problem.
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Chapter 3: Project Selection and Funding Prioritization Criteria
Project prioritization, determination of goals and strategies are based on demographic and
economic trends, technological innovations, transportation-related initiatives, system performance and
condition, and feedback through the planning and project selection process. In order to evaluate the
needs of a region, the collaboration of state, regional and local authorities is essential. The
metropolitan mobility transportation needs are determined by the Metropolitan Planning Organization
in each region (TxDOT 2011a).
The overall criteria for selecting projects should be aligned with at least one of the following
goals (TxDOT 2011a):


develop an organizational structure and strategies designed to address the future multimodal
transportation needs of all Texans,



enhance safety for all Texas transportation system users,



maintain the existing Texas transportation system,



promote congestion relief strategies,



enhance system connectivity,



facilitate the development and exchange of comprehensive multimodal funding strategies with
transportation program and project partners.

Projects are also assessed on their impacts to:

3.1



address local, regional or statewide transportation issues



provide a short-term, mid-term or long-term solution

Project Selection Process
Funding allocation and project selection processes are very complex. Each year, TxDOT funds

projects that are selected through a comprehensive plan called the Unified Transportation Program.
The Unified Transportation Program (UTP) is a list of candidate projects to be constructed and/or
developed during a ten year period. Before any project is considered for funding, it must pass through
a project selection process. In order to facilitate this process, TxDOT has identified 12 major funding
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categories in which all projects must be classified before the selection begins. Table 3.1 shows the 12
funding categories, the relevant project selection process and the usual funding provided (TxDOT
2011b). The UTP includes distribution of funding over the 12 funding categories for the maintenance
of the existing system and for all highway construction programs (dollar amounts are in billions):
Amount in billions*
Category 1- Preventive Maintenance and Rehabilitation

$10.96

Category 2- Metropolitan and Urban Area Corridor Projects

$1.99

Category 3- Non-Traditionally Funded Transportation Projects

$3.68

Category 4- Statewide Connectivity Corridor Projects

$0.02

Category 5- Congestion Mitigation and Air Quality Improvement

$1.12

Category 6- Structures Replacement and Rehabilitation

$2.50

Category 7- Metropolitan mobility and Rehabilitation

$2.03

Category 8- Safety

$1.24

Category 9- Transportation Enhancements

$0.65

Category 10- Supplemental Transportation Projects

$0.63

Category 11- District Discretionary

$0.64

Category 12- Strategic Priority

$2.47
Total= $27.92

*Source: 2012 Unified Transportation Program
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TABLE 3.1: SUMMARY ON TXDOT’S FUNDING CATEGORIES. (TXDOT 2011B).
FUNDING CATEGORY
1 - Preventive
Maintenance and
Rehabilitation
2 - Metropolitan and Urban
Area Corridor Projects
3 - Non-Traditionally
Funded Transportation
Projects
4 - Statewide Connectivity
Corridor Projects
5 - Congestion Mitigation
and Air Quality
Improvement
6 - Bridges

7 - Metropolitan
Mobility/Rehabilitation

8 - Safety

9 - Transportation
Enhancements

PROJECT SELECTION
Projects selected by districts. Commission allocates funds through Allocation
Program.
Projects selected by Metropolitan Planning Organizations (MPOs) in
consultation with TxDOT. Commission allocates funds through Allocation
Program.
Project selection varies based on the funding source, such as Proposition 12,
Proposition 14, Pass-Through Toll Finance, Regional Toll Revenue and
Local Participation.
Projects selected by commission based on corridor ranking. Project total
costs cannot exceed commission-approved statewide allocation.
Projects selected by MPOs in consultation with TxDOT and funded by
districts’ Allocation Program. Commission allocates funds based on
population percentages within areas failing to meet air quality standards.
Projects selected by the Bridge Division as a statewide program based on the
Federal Highway Bridge Program and the Federal Railroad Grade Separation
Program eligibility and ranking. Commission allocates funds through
Statewide Allocation Program.
Projects selected by MPOs in consultation with TxDOT. Funded by district’s
Allocation Program. Commission allocates funds according to the federal
formula.
Projects selected statewide by federally mandated safety indices and
prioritized listing. Commission allocates funds through Statewide Allocation
Program. Projects selected and approved by commission on a per-project
basis for Federal Safe Routes to School Program.
Local entities nominate projects and TxDOT, in consultation with FHWA,
reviews them. Projects selected and approved by commission on a perproject basis. Projects in the Safety Rest Area Program are selected by the
Maintenance Division.

10 - Supplemental
Transportation
Projects

Projects selected statewide by Traffic Operations Division or Texas Parks
and Wildlife Department or district. Commission allocated funds to districts
or approves participation in federal programs with allocation formulas.
Coordinated Border Infrastructure Program funds are allocated to districts
according to the federal formula.

11 - District Discretionary

Projects selected by districts. Commission allocates funds through Allocation
Program.

12 - Strategic Priority

Commission selects projects which generally promote economic opportunity,
increase efficiency on military deployment routes or to retain military assets
in response to the federal military base realignment and closure report, or
maintain the ability to respond to both man-made and natural emergencies.

The UTP has two major components: mobility and preservation. The mobility section includes
projects that increase the capacity of the transportation system (categories 2, 3, 4, 5, and 7) while the
preservation section includes the maintenance and rehabilitation projects found in categories 1, 6, and
7 (TxDOT 2011a). Table 3.2 shows a prioritized list of funding categories based on the total amounts
for funding from the 2012 Unified Transportation Plan.
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TABLE 3.2: RANKED LIST OF FUNDING CATEGORIES BASED ON TOTAL FUNDS ALLOCATED IN FY 2012.

RANK NO.
1
2
3
4
5
6
7
8
9
10
11
12

FUNDING CATEGORY
Category 1- Preventive Maintenance and Rehabilitation
Category 3- Non-Traditionally Funded Transportation
Projects
Category 6- Structures Replacement and Rehabilitation
Category 12- Strategic Priority
Category 7- Metropolitan mobility and Rehabilitation
Category 2- Metropolitan and Urban Area Corridor
Projects
Category 8- Safety
Category 5- Congestion Mitigation and Air Quality
Improvement
Category 9- Transportation Enhancements
Category 11- District Discretionary
Category 10- Supplemental Transportation Projects
Category 4- Statewide Connectivity Corridor Projects

AMOUNT IN
BILLIONS
10.96
3.68
2.5
2.47
2.03
1.99
1.24
1.12
0.65
0.64
0.63
0.02

Based on funds allocated among funding categories, it is observed that the most important
funding categories are those related to maintenance and rehabilitation and increasing the capacity of
the existing system. Maintenance and rehabilitation are needed in order to keep the existing roads in
good condition while expanding capacity decreases congestion and increases mobility.

Figure 3.1 shows the funding allocation schematic diagram for TxDOT presented by Ron
Hagquist in the project’s pre-proposal research project meeting (Hagquist 2011). Maintenance of the
transportation system corresponds to categories 1 and 6, while the capacity section includes categories
2, 3, 4, 5, and 7. After a meeting in October 2011 with Ron Hagquist, it was decided to focus on the
capacity section of the allocation process using information from the Metropolitan Planning
Organizations (MPOs) to illustrate the process of selecting candidate projects. Fair division methods
will be focused on the allocation of funds to add capacity to the existing transportation system in order
to mitigate congestion and to address the future needs of a growing population.
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FIGURE 3.1: FUNDING ALLOCATION SCHEMATIC DIAGRAM FOR TXDOT (HAGQUIST 2011- REVISED BY
CHANG ET.AL.).

3.2

The Role of the Metropolitan Planning Organizations (MPO)
The Metropolitan Planning Organization (MPO) is the agency in charge of creating long and

short range transportation plans in order to improve the road system in a specific area. These plans
include all proposed transportation projects needed by the region. Under federal law, one Metropolitan
Planning Organization must be designated for each urban area with a population of 50,000 or more.
The MPO provides a continuing, cooperative, and comprehensive transportation planning process that
results in plans and programs that consider all transportation modes and supports metropolitan
community development and social goals. Each of the MPOs receives federal funding for
transportation planning, and state and local funds for mandated planning activities (TEMPO 2011).
Currently, there are twenty-five MPOs in the state of Texas:
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Abilene MPO



Amarillo MPO



Austin MPO (CAMPO)



Beaumont-Port Arthur MPO (SETRPC)



Brownsville MPO



Bryan-College Station MPO



Corpus Christi MPO



Dallas- Fort Worth MPO (NCTCOG)



El Paso MPO



Harlingen/ San Benito MPO



Hidalgo County MPO



Houston MPO (HGAC)



Killeen-Temple MPO (KTMPO)



Laredo MPO



Longview MPO



Lubbock MPO



Midland-Odessa MPO (MOTOR)



San Angelo MPO



San Antonio- Bexar County MPO



Sherman- Denison MPO



Texarkana MPO



Tyler Area MPO



Victoria MPO



Waco MPO



Wichita Falls MPO

All MPOs are required to produce a Metropolitan Transportation Plan (MTP), a Transportation
Improvement Program (TIP), and a Unified Planning Work Program (UPWP). The MTP is a long
range transportation plan. This plan includes the policies, strategies, and projects that will facilitate the
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efficient movement of people and goods in the metropolitan area for the next 25 years. By contrast, the
Transportation Improvement Program is a short term transportation plan. The TIP contains the
transportation projects and strategies from the Metropolitan Transportation Plan that the MPO plans to
construct over the next 4 years. In the Unified Planning Work Program, the MPOs create a detailed
two-year transportation planning work program. The UPWP assures that the MTP and the TIP
projects are constructed according to federal and state laws and regulations.

3.2.1

METROPOLITAN TRANSPORTATION PLAN
The Metropolitan Transportation Plan (MTP) is a comprehensive, multimodal blueprint for

transportation systems and services intended to solve the mobility needs of a given metropolitan area
through the next 25 years. Plans, projects, programs, and policies are proposed as transportation
recommendations to improve the overall quality of life of area residents. Every five years, the regional
MPO in cooperation with TxDOT, local governments, and transportation agencies, develops a new
MTP (NCTCOG 2011).

3.2.2

TRANSPORTATION IMPROVEMENT PROGRAM
The Transportation Improvement Program (TIP) is a staged, multiyear program of projects

approved for funding by federal, state, and local sources. Every two to three years, the regional MPO
in cooperation with TxDOT, local governments, and transportation agencies, develops a new TIP
(NCTCOG 2011).

3.2.3

UNIFIED PLANNING WORK PROGRAM
The Unified Planning Work Program (UPWP) is a two-year transportation planning work

program detailing transportation planning, programs and services (work) to be performed in the
region. It contains a listing of planning projects, programs and services performed by public and
private transportation planning agencies and partnerships whose projects will have a regionally
significant impact in the area. The UPWP coordinates metropolitan transportation and air quality
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planning activities (El Paso MPO 2011). Figure 3.2 shows an affinity diagram illustrating the
characteristics of the three different transportation plans.

FIGURE 3.2: DESCRIPTIVE CHARACTERISTICS OF MPOS’ TRANSPORTATION PLANS.

3.3

Summary and Conclusions
The project selection process for funding allocation begins identifying candidate projects for

improvement or maintenance of existing roads. Then, the candidate projects are classified into one of
the 12 funding categories. This categorization is used to determine the type of funding allocation
process that the project must follow. To be considered for funding, projects must be listed first in the
Metropolitan Transportation Plan (MTP) which is a comprehensive long-term plan to address the
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mobility needs of a metropolitan area over the next 25 years. Selected projects are then included in the
short-term 4-year transportation plan called Transportation Improvement Program (TIP). There are
also projects in TIP that would be part of the Unified Planning Work Program (UPWP) which contains
projects that will be funded in less than two years. The projects included in the UPWP plan are
selected by the commission or by using traditional formulas. The project selection process is long and
does not clearly show how the participant’s preferences are considered when prioritizing projects for
funding. An innovative funding allocation method that incorporates the participant’s preferences in the
prioritization process should be used to guarantee that the funding project needs, as perceived by the
participants, are being addressed.
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Chapter 4: The Fair Division Transportation Funding Allocation Model
(FDTFAM)
Fair division models aim to provide a fair share of the resource based on the own participant’s
valuation; therefore, they will not envy the others. Envy occurs when a participant feels that the share
received is unfair when compared to the others. Börgers (2010) and Brams & Taylor (1996) describes
that a fair share of a particular participant could be represented as his/her own valuation of the
resource divided by the total number of participants.
The Fair Division Transportation Funding Allocation Model (FDTFAM) combines concepts of
the Point Allocation and Adjusted Winner (AW) methods. FDTFAM applies the Point Allocation
concepts to define the preferences of the participants. Preference or desirability of a project represents
how desirable a certain project is to the participant based on his/her own criteria, and it is expressed by
distributing a total of 100 points among the projects in the participant’s wish list (Chang et al. 2013).
The concepts of the AW method are also used in the model to minimize the envy generated by the
allocation. The optimum solution of the FDTFAM looks for envy-free, equitable, and efficient
allocations taken into consideration the participant’s preference or desirability.

4.1

ENVY DEFINITION
Envy is felt by a participant if he or she perceives that less funding is received when compared

to other participants. In FDTFAM, envy is defined as the difference of allocated and requested funding
ratios between two participants as shown in equation 1.
(1)

where:

= Allocated to requested funding ratio of ith participant
= Allocated to requested funding ratio of jth participant
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0, 0

= envy perceived by the ith with respect to the jth participant only if
otherwise

This equation is inspired on the envy definitions developed by Brams and Taylor (1996). This
equation simply states that envy will be felt by the ith participant with respect to the jth participant if the
ith participant received less than the jth participant by comparing their respective allocated to their
requested funding ratios. The higher the envy, the higher the difference between each participant’s
ratios of allocated to requested funds. These ratios represent the proportion that each participant
received with respect to their individual total requested funds; i.e. a 1.0 ratio represent that the
participant received 100 percent of the requested funds.

4.2

FDTFAM Mathematical Formulation
FDTFAM aims to maximize the participants’ project desirability and to minimize total envy.

The general mathematical formulation of the FDTFAM is shown in equations 2 through 6. These
equations were inspired on the envy definitions (Brams and Taylor 1996) and the point allocation
method (Saunders 2011).

Maximize D:

∑

(2)

Minimize E:

∑

(3)

Subject to:
∑
∑

k= 1, 2, 3, …m
1

i  1,2, , n

X ik  0,1

(4)
(5)
(6)
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Where:
E = objective function for minimizing total envy
D = objective function for maximizing total desirability of projects selected for funding

 i = envy perceived by the ith participant
Pik = desirability assigned by participant i to project k
Xik = 1 if participant i requested project k and funds are allocated; 0 otherwise
Cik = cost assigned by participant i to project k
b = total budget available
i = represents each participant
n = total number of participants
k = represents each project requested by the participant
m = total number of projects requested by a participant

The objective functions in equations 2 and 3 look for maximizing total desirability and
minimizing the total overall envy as perceived by the participants. In equation 2, Pik is the desirability
that participant i assigns to project k. Desirability represents the worthiness or value that project k
represents to a participant base on his or her own criteria. In this model, desirability is measured in
preference points on a 100 point scale. Projects from k = 1 to m are assigned a desirability value by
each participant i. The model considers that there will be a total of n participants. Xik is a parameter
that can take the value of 1 if funds are allocated for project k or 0 otherwise. In equation 3,

εij

represents the individual envy that ith participant feels with respect to jth participant. The total
individual envy felt by ith participant is found by adding the individual envies felt to each of the other
jth participants (j participants = 1 to n – 1, excluding himself or herself). The overall total envy to be
minimized is obtained by adding the total individual envies for the n participants.
There are three constraints in the model. The first constraint, as shown in equation 4, indicates
that the total allocated budget must be less than the total budget available for all the projects expressed
as b. The total allocated budget is calculated by adding the individual cost of each of the projects
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requested by all n participants and selected for funding allocation (Xik =1). If the project is not selected
for funding, then Xik is equal to 0, therefore Cik times X ik is equal to 0 and this cost will not be added
to the total budget. The second constraint, as shown in equation 5, is used to ensure that each
participant obtains at least one project funded, therefore for each ith participant the sum of X ik for his
or her requested list of projects should be greater than 1 after the allocation, in other words at least one
project from each ith participant should be included in the solution. The third constraint, as shown in
equation 6, expresses that the decisions about project funding are treated as binary solutions, 1 if a k
project requested by ith participant selected for funding, or 0 otherwise.
In the funding allocation transportation problem, the two objectives are: to maximize the total
points or desirability allocated to all the participants and to minimize the total envy. These two
objectives of the model, maximization of desirability and minimization of envy, ensure that the
participants will receive funds for the projects with higher desirability, as defined by the participant’s
preferences, while having a low envy allocation. The projects requested for funding (from k= 1 to m)
by each ith with their corresponding cost (Cik) are inputs for the model. After the projects are defined,
each participant is given a total of 100 points to distribute among its wish list of projects. These points
measure the desirability that each ith participant assigns to each of his or her own requested projects
(Pik), this concept is taken from the point allocation method. In terms of the mathematical formulation,
this requirement can be expressed as a constraint as shown in equation 7.

∑

100

∀

1,2, … ,

(7)

Higher points represent higher preference or higher desirability. Each participant will follow
their own criteria to prioritize their projects expressing their preferences or desirability with points.
Once the desirability of projects is established, the funds are distributed. After the money is
distributed, the envy ratios are calculated using the Envy Finder Equation (EFE). Equation 8 shows the
EFE used to calculate the total envy obtained by each allocation. It simply considers each participant’s
estimated envy with respect to the funds allocated to the rest of the participants. According to this
equation, no envy is felt by the ith participant with respect to the jth participant if the ith participant
received more that the jth participant.
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n

EFE=   ij  i 
i 1

(8)

Where:

ij = envy sensed by the ith with respect to the jth participant
Xi = 1 if corresponding project is selected, 0 otherwise

The first phase of the EFE is to calculate the total amount of money requested by each
participant and the total actual amount given to each participant in all categories. Then, the ratios of
total assigned to total requested money per participant are calculated. Once these ratios are known, the
ratio of each participant must be compared to the ratio of every other participant. No envy exists when
the difference among these ratios is negative (implying that another participant received a larger share
as compared to the other). If the difference between these ratios is positive, then it is said that envy
exists between participants and it can be calculated to be the absolute value of this difference, also
called envy ratio. Once the individual envy ratios are calculated, all the individual envy ratios must be
added together to calculate the total envy produced by the distribution of funds.
Then, the total desirability generated in the allocation is calculated by simply adding the
preference points that each participant obtained at the end of the distribution. If the total envy achieved
by the allocation is equal to zero or satisfies the participants then the model stops; if not, new possible
distributions are analyzed based on participants’ preference for projects. In reality, it is almost
unfeasible to achieve a total envy equal of zero in a distribution that involves more than two
participants; therefore, the model only tries to minimize total envy.
Analytical methods to solve the FDTFAM and to distribute the funds vary from ranking to
optimization methods. A ranking method can be used to prioritize funding allocation among projects
based on scores and weighting as defined by the agency or by the participants. For example, the
agency’s criterion could be to invest first in projects located in urban areas with large population and
then in rural areas, or to prioritize projects that preserve current infrastructure instead of expanding the
capacity, or maybe follow a composite criterion using weights. Based on the ranking criterion, a list of
candidate projects ranked from the highest to the lowest priority is prepared. The Dynamic Bubble Up
technique (DBU) was selected as the ranking method to distribute the funds among participants. DBU
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was selected based on successful past experiences in other decision making support models (Chang
2007).
On the other hand, the model may be solved using optimization methods including linear
programming, integer programming, goal programming, dynamic programming, or heuristic methods.
All these methods were discussed during the development of the study. Heuristic methods were
preferred to solve the funding allocation problem since they speed up the search process. Some
examples of heuristic methods include the hill climbing, the simulated annealing, the tabu search, the
genetic algorithm, and the ant colony optimization algorithms. Based on the characteristics and
capabilities of the optimization methods available for the solution of the fair division problem, the
genetic algorithm was selected for the case studies.
The mathematical formulation of FDTFAM is solved using a Non-dominated Sorting Genetic
Algorithm (NSGA-II). Genetic algorithms provide solutions to multi-objective problems, and are able
to search for multiple solutions, thus preventing a local optimum. This algorithm uses an evolutionary
process (natural selection) with substitutes for evolutionary operators including selection, genetic
crossover, and genetic mutation. In the selection process, only the best adapted survive; in this case,
the answers that best accomplish the goals are recorded and used as possible solutions. The genetic
crossover resembles the chromosome interchange taking place in evolution, possible individual
solutions are interchanged in random sets of alternative solutions. The genetic mutation resembles a
random mutation in an individual; in this case, it leads to a different solution from a random set of
solutions. The population is sorted into a hierarchy of sub-populations based on the ordering of Pareto
dominance. A solution is Pareto dominated if the solution increases the allocations of one participant
while making the other participants’ allocations decrease. Once the population is sorted, the members
of each sub-group are evaluated, and the resulting groups and similarities are used to promote a
diverse set of non-dominated solutions. NSGA varies from a simple genetic algorithm only in the
manner that the selection operator works. The crossover and mutation operators remain as usual.
Before the selection is performed, the population is ranked on the basis of an individual’s non
domination (Srinivas and Kalyanmoy 1994).
The NSGA-II was used to solve the FDTFAM because it is part of the genetic algorithms. As
previously mentioned, this algorithm is recommended for the funding allocation problem because it
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searches for multiple combinations of solutions by using crossovers and mutations among sets of
solutions or populations to guarantee that the solution is not just a local optimum.
During the development of the two year research project “Using “Fair Division” Methods for
Allocating Transportation Funds” conducted for TxDOT, both ranking and optimization methods were
applied to past case studies based on problems experienced in the past (Chang et al 2013). The two
solving methods worked provided reasonable results when compared to expert’s opinion. However, it
was observed that the use of a multi-objective optimization solving method may result in more than
one combination of projects that provides the optimal or near optimal solution, in particular if the
solution space is large. Feasible solutions are more appropriate assumptions. Selecting a method for
finding feasible solutions and “efficient points” is a complex issue for multiple objectives with several
variables. A feasible solution can be considered an efficient point only if the solution meets all
objective functions and is considered the best for one of the objective functions. Rather than finding
one point, the real challenge is building the “efficient frontier” of the multi-objective optimization
model. Constructing the “efficient frontier” means solving the problem by repeated optimization
where one objective is enforced for achieving levels while the others are treated as single objectives.
An attempt to build the “efficient frontier” was out of the scope of the study. Due to the complexity
and computational effort required for building the “efficient frontier”,TxDOT considered infeasible to
implement the genetic algorithm method for solving the funding allocation problem.
Due to its practicality and transparency, TxDOT incorporated the DBU method into FDTFAM
to distribute the funds among participants (Chang 2007). According to experts’ opinion, DBU
generated “good solutions” to the case studies used during the evaluation process. Runs with DBU
were also much faster than optimization and easier to be implemented by TxDOT. Figure 1 shows a
flow chart summarizing the steps followed by FDTFAM.
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FIGURE 4.1: STEP BY STEP FAIR DIVISION TRANSPORTATION FUNDING ALLOCATION PROCESS.
In DBU, projects are ranked from highest to lowest desirability. Then, the ranked list of
projects is used to allocate funds beginning with the project with the highest desirability. If a project is
funded, the second highest-point project is “bubbled up” to the top for funding. Once the list of
31

projects ends or the available budget is exhausted, the total envy and the total desirability are
calculated. If the participants are not satisfied in the first allocation, the process is repeated asking the
participants to reallocate their points. Therefore, the process is repeated until all the participants are
satisfied with their allocated shares.
FDTFAM can be used with a small or a large group of participants to address funding
allocation problems. It is worth to mention that the DBU technique used to allocate the funds does not
pretend to guarantee the optimality of the solution. It was selected because of its simplicity of
application, transparency of the process, and easiness of implementation as concluded by TxDOT.

4.3

Summary and Conclusions
Traditional formula-based allocation methods might be perceived as unfair because under this

approach large regions usually receive more funding than small regions. Therefore, a new allocation
method that distributes the funds in a fair manner is needed. The Fair Division Transportation Funding
Allocation Model (FDTFAM) is aimed to address the problem of allocating transportation funds fairly
because it uses individual preferences to prioritize the projects requested for funding. It provides
funding for the projects with the highest preference while minimizing envy among the participants.
FDTFAM can be applied to distribute transportation funds in a project-to-project basis using the
prioritized list of projects with its correspondent cost and preference points. FDTFAM can be solved
using the ranking method (Dynamic Bubble-Up Technique) or optimization methods. The ranking
method provides a simple alternative to distribute funds based on the preference assigned to each
project and does not require any specific software to be solved. The optimization methods in the other
hand, generate solutions that help minimize envy while maximizing desirability by analyzing project
combinations that optimize the allocation of funds. Optimization methods that solve multi-objective
models are very difficult to solve without the use of special software. Based on the characteristics of
the Genetic Algorithms (GA), it was selected to be used as the optimization model to solve FDTFAM
because it can be used to solve multi-objective models, allows the use of multiple constraints, uses
natural selection processes to prevent local optimums and is able to search in bigger solution pools to
help optimize multiple objectives at the same time.
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Chapter 5: Case Study Application of the FDTFAM to TxDOT
In order to show the applicability of the Fair Division Transportation Funding Allocation
Model to TxDOT, a case study was developed. The data was provided by TxDOT in May 2013 and
included 121 projects from 21 districts. All projects correspond to funding category 12. Each district
requested from 1 to 31 projects. The total budget requested by all districts was $ 211,896,568. The
lowest cost project was $ 10,655 while the highest cost project was $ 38,975,000. Each district was
required to divide 100 points among their own projects based on their preferences and priorities.
Higher points mean higher preference or higher desirability. Details about the project costs and
priorities are in Table 5.1.
5.1

Budget Scenarios
Four budget constraint scenarios were developed using FDTFAM to allocate available funds:


Scenario 1: the budget available for funding was 50% of the total funds requested by all the
districts.



Scenario 2: the budget available for funding was 75% of the total funds requested by all the
districts.



Scenario 3: the budget available for funding was 80% of the total funds requested by all the
districts.



Scenario 4: the budget available for funding was 90% of the total funds requested by all the
districts.

These scenarios were selected to see the performance of the FDTFAM. The scenarios were
used to test if the increase in the total budget available decreased the total envy and if the model is
biased to fund projects of a certain region only. The scenarios’ total funds were distributed among
participants or districts using the ranking (dynamic bubble up technique) and the optimization methods
as described in Chapter 4. The results obtained from the case study are shown in section 5.2.
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TABLE 5.1: DATA PROVIDED BY THE DISTRICTS.

Districts
ABILENE
AMARILLO
ATLANTA
AUSTIN
BEAUMONT
BRYAN

Total Amount
Requested by
District
$ 1,269,158
$ 3,434,400
$ 7,026,999
$ 12,066,250
$ 2,361,205

Number of
Projects
Requested
1
1
2
4
1

$ 11,812,973

31

Project With
Highest Points
Requested
$ 1,269,1581
$ 3,434,4001
$ 5,996,9991
$ 5,242,5001
$ 2,361,2051
$ 3,041,0601
$ 2,308,713
$ 705,200
$ 563,800
$ 325,000

100
100
55
50
100

Project With
Lowest Points
Requested
$ 1,030,0002
$ 123,7502
-

8

$ 32,9002

Project With
Highest Points

$ 3,577,463

12

$ 514,4041
$ 510,000

20

$ 125,001

2

$ 85,0001

90

DALLAS

$ 43,627,157

4

$ 38,975,0001

85

EL PASO

$ 5,101,374

2

CHILDRESS

CORPUS CHRISTI

FORT WORTH
HOUSTON
LAREDO
LUBBOCK
LUFKIN
PARIS

$ 4,240,180
$ 5,446,910
$ 2,790,300
$ 19,242,002
$ 163,594
$ 3,137,019

2
5
3
2
1
1

$ 3,225,0001
$1,876,374
$ 2,438,8391
$ 2,585,0001
$ 1,280,0001
$ 17,342,0011
$ 163,5941
$ 3,137,0191

PHARR

$ 18,918,327

31

$ 10,000,0001

16

SAN ANTONIO

$ 37,694,952

9

$ 11,000,0011

25

WACO
WICHITA FALLS
YOAKUM
Total

$ 15,786,052
$ 2,375,252
$ 11,700,000
$ 211,896,568

3
1
3
121

$ 10,793,0511
$ 2,375,2521
$ 5,700,0001

65
100
45

1
2

50
55
50
60
90
100
100

$ 276,000
$ 275,000
$ 269,541
$ 258,363
$ 239,112
$ 223,685
$ 135,000
$ 120,0002
$ 40,0012
$ 2,325,000
$ 2,242,157
$ 85,0002
1,801,3412

$
$ 210,2742
$ 573,0002
$ 1,900,0012
$ 65,617
$ 59,385
$ 40,670
$ 38,505
$ 10,6552
$ 1,589,224
$ 1,200,000
$ 1,054,400
$ 650,0002
$ 173,0002
$ 2,000,0002

Project With
Lowest Points
45
5
1

5

10
5
45
5
10
10
1

5
10
20

Indicates the highest cost project per district
Indicates the lowest cost project per district

5.2

Case Study Results
The project information provided by the districts was analyzed for funding using the ranking

and the optimization methods. The results obtained show different distributions of funds that help to
achieve each of the methods’ goals. In order to analyze the results, the participants were divided into
small, medium, or large size based on its population. Small participants have a population of up to

34

200,000. Medium participants have a population of 200,001 to 1,000,000 and large participants have a
population greater than 1,000,000. The participants were ranked by population and given the
corresponding classification as shown in Table 5.2.

TABLE 5.2: DESCRIPTION OF POPULATION AND SIZE ASSIGNATION OF PARTICIPANTS.

Districts
ABILENE
AMARILLO
ATLANTA
AUSTIN
BEAUMONT
BRYAN
CHILDRESS
CORPUS CHRISTI
DALLAS
EL PASO
FORT WORTH
HOUSTON
LAREDO
LUBBOCK
LUFKIN
PARIS
PHARR
SAN ANTONIO
WACO
WICHITA FALLS
YOAKUM

Population

District Size

117,063
173,627
5,597
842,592
113,866
78,061
7,095
312,195
2,430,331
827,718
777,992
2,160,821
244,731
297,669
36,009
25,082
70,400
1,382,951
127,018
104,552
5,897

S
S
S
M
S
S
S
M
L
M
M
L
M
M
S
S
S
L
S
S
S

The results obtained in each scenario are shown in Figures 5.1-5.4.

5.2.1

SCENARIO 1
In scenario 1, the available budget is $105,948,284 which is 50% of the total requested by the

districts. The results show that the optimization method resulted in a lower total envy of 61.37 and 82
projects funded, in the other hand the ranking method obtained a total envy of 93.12 and only 21
projects funded. Participants that received almost no funding in the ranking method received more
funds in the optimization method as shown in Figure 5.1. In the ranking method, the group with the
highest envy was the small participants with 55.50 of total envy, obtaining only $31,085,737 out of
$81,562,442 requested, and the group with the lowest envy was the medium participants with 16.10 of
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total envy, obtaining $15,949,054 of the $24,323,105 requested. However, in the optimization method,
the group with the highest envy was the large participants with 33.19 of total envy, obtaining only
$8,177,665 out of $86,769,019 requested, and the group with the lowest envy was the medium
participants with 0.00 of total envy, obtaining $24,323,105 of the $24,323,105 requested.

FIGURE 5.1 COMPARISON OF FUNDING ALLOCATION RESULTS IN SCENARIO1.

5.2.2 SCENARIO 2
In scenario 2, the available budget is $158,922,426 which is 75% of the total requested by the
districts. The results show that the optimization method resulted in a lower total envy of 37.92 and 88
projects funded while the ranking method obtained a total envy of 58.43 and only 36 projects funded.
Results are shown in Figure 5.2. In the ranking method, the group with the highest envy was the small
participants with 47.05 of total envy, obtaining only $48,177,383 out of $81,562,442 requested, and
the group with the lowest envy was the medium participants with 3.13 of total envy, obtaining
$23,626,355 of the $24,323,105 requested. However, in the optimization method, the group with the
highest envy was the small participants with 20.44 of total envy, obtaining only $63,492,997 out of
$81,562,442 requested, and the group with the lowest envy was the medium participants with 0.00 of
total envy, obtaining $24,323,105 of the $24,323,105 requested.
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FIGURE 5.2 COMPARISON OF FUNDING ALLOCATION RESULTS IN SCENARIO 2.

5.2.3 SCENARIO 3
In scenario 3, the available budget is $169,517,254 which is 80% of the total requested by the
districts. The results show that the optimization method resulted in a lower total envy of 29.30 and 93
projects funded, in the other hand the ranking method obtained a total envy of 47.55 and only 39
projects funded. In the ranking method, the group with the highest envy was the small participants
with 38.76 of total envy, obtaining only $58,115,738 out of $81,562,442 requested, and the group with
the lowest envy was the medium participants with 0.12 of total envy and obtaining $24,199,355 of the
$24,323,105 requested. In the optimization method, the group with the highest envy was the small
participants with 15.46 of total envy, obtaining only $68,057,477 out of $81,562,442 requested, and
the group with the lowest envy was the medium participants with 0.00 of total envy and obtaining
$24,323,105 of the $24,323,105 requested. Results are shown in Figure 5.3.
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FIGURE 5.3 COMPARISON OF FUNDING ALLOCATION RESULTS IN SCENARIO 3.

5.2.4 SCENARIO 4
In scenario 4, the available budget is $190,706,911 which is 90% of the total requested by the
districts. The results show that the optimization method resulted in a lower total envy of 13.65 and 101
projects funded while the ranking method obtained a total envy of 25.12 and only 53 projects funded.
Results are shown in Figure 5.4. In the ranking method, the group with the highest envy was the small
participants with 20.88 of total envy, obtaining only $69,843,357 out of $81,562,442 requested, and
the group with the lowest envy was the medium participants with 0.14 of total envy and obtaining
$24,199,355 of the $24,323,105 requested. In the optimization method, the group with the highest
envy was the large participants with 8.28 of total envy, obtaining only $69,743,863 out of $86,769,019
requested, and the group with the lowest envy was the medium participants with 0.00 of total envy and
obtaining $24,323,105 of the $24,323,105 requested.
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FIGURE 5.4 COMPARISON OF FUNDING ALLOCATION RESULTS IN SCENARIO 4.
Details about the number of projects selected in each District, and corresponding envy are
included in Appendices A and B. A summary of the results in both allocation methods is shown in
Table 5.3. In this case study, a total of 121 projects were requested for funding and the total project
requested funds were $ 211,896,568.
TABLE 5.3: COMPARISON TABLE OF RESULTS BETWEEN RANKING AND OPTIMIZATION METHODS.

Scenario’s
Budget
SCENARIO
1: 50% of total
requested
$105,948,284
SCENARIO
2: 75% of total
requested
$158,922,426
SCENARIO
3: 80% of total
requested
$169,517,254
SCENARIO
4: 90% of total
requested
$190,706,911

Total
Allocated

Ranking
Projects
Total
Allocated Envy

Total
Desirability

Total
Allocated

Optimization
Projects
Total
Allocated Envy

Total
Desirability

$105,936,792

21

93.12

1411= Avg.
67.2 per
district

$104,886,255

83

61.37

1753= Avg.
83.5 per
district

$158,912,948

36

58.43

1748= Avg.
83.2 per
district

$158,777,926

88

37.92

1921= Avg.
91.5 per
district

$169,509,303

39

47.55

1777= Avg.
84.6 per
district

$169,068,874

93

29.30

1966= Avg.
93.6 per
district

$190,697,678

53

25.12

1897= Avg.
90.3 per
district

$190,581,647

101

13.65

2015= Avg.
96.0 per
district
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Based on the results obtained in this case study, the following can be concluded:

1) It is observed that total envy decreases as the budget available for funding increases.
2) Scenario 1 is the scenario with the highest envy (using both solving methods), as shown in
Table 5.3. In this scenario, the total budget available was 50% of the total requested funds.
Fewer projects were selected as compared to the other scenarios. For example, scenario 1
selected twenty-one (21) projects for funding in the ranking method while scenario four
selected eighty-two (82) projects using the same method.
3) Scenario 4 in which the available budget was 90% of the total requested is the scenario with
the lowest envy, as shown in Table 5.3. A total envy of 25.12 was obtained with the ranking
method and 13.65 with the optimization method. The reason for this decrease in envy was due
to the high funds available that allowed more projects to be funded thus increasing the
allocated/requested ratios of all participants.
4) The optimization method minimized the envy and maximized the desirability (points) in all
four scenarios, as compared to the ranking method.
5) Districts that requested only one (1) project obtained funding for that project in all scenarios,
using the ranking and the optimization methods. The project costs varied from ($163,594 to $
3,434,400). In the ranking method, they had a priority due to the high points that were
assigned. In the optimization method, they were selected for funding because if funded, their
allocated/requested ratio per district would be one and the total points assigned to that district
would be 100.
6) Bryan and Pharr districts requested 31 projects each. This situation ended up giving them a
very low allocated/requested funding ratio (as compared to all other districts) due to the lower
points that were assigned to the projects. Bryan assigned 8 pts. to the highest preference project
and Pharr assigned 16 pts.
a. The ranking method resulted in 6 projects for Bryan and 5 projects for Pharr in scenario
4 (90% funds available).
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b. The optimization method resulted in 25 projects to Bryan and 22 projects to Pharr in the
scenario 4 (90% of funds available).

5.3

Optimization Method Results using the Non-dominated Sorting Genetic Algorithm

Figures 5.6-5.9 represent the results obtained using the optimization software SolveXL which
uses the Non-dominated Sorting Genetic Algorithm. The bi-objective model tries to find solutions by
funding different projects which will minimize total envy while maximizing desirability. Each point
in the graph represents one possible solution to the problem; it is shown in terms of the total envy
and total desirability that it generates. Total envy and desirability results were normalized in order to
simplify the results and the comparison among scenarios. The ideal solutions to this problem are the
points with low envy and high desirability; therefore, the frontier points are possible solutions to the
problem. The best solution of the optimization problem will be the point that is closest to the
coordinate (1,0) meaning that it will have a low envy with high desirability.

FIGURE 5.6: POSSIBLE FUNDING ALLOCATION SOLUTIONS IN SCENARIO 1 WITH OPTIMIZATION.
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FIGURE 5.7: POSSIBLE FUNDING ALLOCATION SOLUTIONS IN SCENARIO 2 WITH OPTIMIZATION.

FIGURE 5.8: POSSIBLE FUNDING ALLOCATION SOLUTIONS IN SCENARIO 3 WITH OPTIMIZATION.
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FIGURE 5.9: POSSIBLE FUNDING ALLOCATION SOLUTIONS IN SCENARIO 4 WITH OPTIMIZATION.

5.4

Concluding Remarks from the Case Study
Funding allocation using the ranking method with the Dynamic Bubble Up technique strives to

maximize desirability per scenario while the optimization method attempts to maximize desirability
and minimize envy; therefore, optimization results in lower envy and higher desirability project
allocations for the same budget. Optimization shows an almost equal allocated/requested ratio
minimizing the differences among the districts’ allocated to requested funds and reducing total envy.
From this case study, it is observed that with the optimization method more projects received
funding because high cost projects are not preferred for funding. This process allows a greater number
of lower cost projects to be funded when using the optimization method. There are differences in the
total envy and desirability (points) when the results from optimization and ranking methods are
compared. Tables 5.4 and 5.5 also show the mean values for the total envy decreasing as the total
available budget increases. Therefore, the districts are receiving a better balanced allocation of funds
based on their own preferences. Their allocated/requested ratios are also closer with the optimization
method and do not show high envy ratios. Tables 5.6 and 5.7 show that the mean values of total
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desirability increases as the budget increases and more projects are selected for funding increasing the
total desirability.

TABLE 5.4: SUMMARY OF TOTAL ENVY RESULTS USING THE RANKING METHOD.

Scenario
1
2
3
4

Projects
Selected
for
Funding
21
36
39
53

Envy per District
Minimum

1st Quartile

Median

3rd Quartile

Maximum

0.00
0.00
0.00
0.00

0.00
0.00
0.00
0.00

0.97
0.00
0.00
0.00

6.57
1.44
1.42
0.57

13.67
17.50
18.23
9.09

Mean STDV
4.43
2.78
2.26
1.20

5.48
5.61
4.87
2.57

TABLE 5.5: SUMMARY OF TOTAL ENVY RESULTS USING THE OPTIMIZATION METHOD.

Scenario
1
2
3
4

Projects
Selected
for
Funding
83
88
93
101

Envy per District
Minimum

1st Quartile

Median

3rd Quartile

Maximum

0.00
0.00
0.00
0.00

0.00
0.00
0.00
0.00

0.00
0.00
0.00
0.00

1.41
0.00
0.00
0.00

17.28
17.48
12.16
7.43

Mean STDV
2.92
1.81
1.40
0.65

5.67
4.88
3.41
1.71

TABLE 5.6: SUMMARY OF DESIRABILITY RESULTS USING THE RANKING METHOD.

Scenario
1
2
3
4

Projects
Selected
for
Funding
21
36
39
53

Desirability per District
Minimum

1st Quartile

Median

3rd Quartile

Maximum

0
0
0
39

50
90
90
95

90
100
100
100

100
100
100
100

100
100
100
100
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Mean STDV
67.19
83.24
84.62
90.33

39.90
31.05
29.56
19.08

TABLE 5.7: SUMMARY OF DESIRABILITY RESULTS USING THE OPTIMIZATION METHOD.

Scenario
1
2
3
4

Projects
Selected
for
Funding
83
88
93
101

Desirability per District
Minimum

1st Quartile

Median

3rd Quartile

Maximum

5
10
40
60

90
100
100
100

100
100
100
100

100
100
100
100

100
100
100
100
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Mean STDV
83.48
91.48
93.62
95.95

31.57
22.48
14.89
9.95

Chapter 6: Conclusions and Recommendations
6.1

Conclusions:
The literature review on fair division methods is very broad but focused mainly on theory and

abstract examples. In a real situation, there are usually more than two participants requesting funds and
competing for indivisible projects. Therefore, it is very unlikely to fully achieve the four fair division
characteristics of proportional, envy-free, equitable, and efficient solutions when there are several
participants requesting funds. In spite of this limitation, the current application of fair division
methods strives to make allocations among several participants but focusing only on two
characteristics: proportionality and envy-freeness.
When we analyze existing fair division methods, it is observed that the Adjusted Winner and
Point Allocation methods better address the transportation funding allocation problem. Other methods,
such as the Knaster’s Procedure, cannot be applied because an initial amount of money is requested
from all the participants prior to performing the allocation; and most agencies or participants do not
have extra funds for an initial deposit. The Divide and Choose Method is also discarded because the
good to be divided is not divisible; while transportation projects are indivisible, projects cannot be
partially funded. Based on the literature review, it was concluded that none of the existing methods
can be directly applied to the funding allocation transportation problem (Lipton et al 2004).
A Fair Division Transportation Funding Allocation Model (FDTFAM) was developed to
address the funding allocation transportation problem using concepts from the Point Allocation and the
Adjusted Winner Methods. FDTFAM is based on the underlying notions and concepts of fair division:
proportionality, envy-freeness, equitability, and efficiency. The main objective of this model is to
minimize the total envy among participants. FDTFAM can be solved with a ranking method, as the
Dynamic Bubble-Up Technique, or optimization methods as the genetic algorithms. The ranking
method strives to maximize desirability while the optimization method aims to minimize envy but also
to maximize the project’s desirability. It was observed from the case study that the optimization
method provides more even allocated/requested fund ratios in the final project selection. The smaller
are the differences for allocated/requested ratios among participants results, the lower the total envy
will be when compared to the ranking method results.
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It is also noted that one participant cannot manipulate the fairness of the allocation process. In
the absence of knowledge about the other participant’s preferences, attempts at manipulation can result
in lower funds allocated to this participant. If a participant tries to trick the allocation process by
assigning very high points to only one project, or by requesting more funds than really needed, it
results in lower total funds allocated to this participant, and a higher envy when compared to the funds
allocated to the other participants.
Based on the results from the case study, it is concluded that in order to get the most of the
benefits, transportation agencies need to balance the investments between small and large regions. The
implementation of FDTFAM will result in a sustainable and more stable development fostering the
economic growth in all the regions.

6.2

Recommendations
FDTFAM is recommended to assist in the project selection process, in particular when the

funding allocation does not depend on pre-established federal allocation formulas. FDTFAM could be
used to assist the Texas Commission in making funding decisions for project prioritization. Currently,
projects are selected based on its ability to enhance safety, to reduce congestion, and to improve or to
maintain the existing transportation system. FDTFAM could help decision makers to allocate funds
while minimizing the total envy among participants by achieving an equitable distribution based on
the individual project desirability.

6.3

Major Contribution of the Research
FDTFAM is the first model to use fair division methods to address the transportation funding

allocation problem. The major advantage of FDTFAM is that it takes into account the individual
preference of each participant in the project prioritization funding process. Therefore, the
implementation of FDTFAM to allocate funds among competing projects will result in more
proportional, equitable, efficient, and envy-free allocations as perceived by the participants. In this
sense, FDTFAM is a feasible alternative approach to traditional methods which are based on preestablished formulas used to prioritize funding allocation.
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6.4

Future Research
FDTFAM uses two objectives in the mathematical formulation to represent the project

desirability and envy-freeness. New objectives could be added to the mathematical formulation in the
model to represent other fair division characteristics including equitability and efficiency.
A genetic algorithm was used as the solving technique in this study because is simple to use, is
commonly applied to solve optimization problems, and is able to provide optimal results to multiobjective problems by generating hundreds of possible solutions. Despite these particular
characteristics, other optimization solving techniques may be needed to solve an enhanced multiobjective FDTFAM (MO-FDTFAM) when the pool of possible solutions is increased in search of the
optimal. In this case study, the genetic algorithm solving model was set to stop after a determined
number of solutions were achieved. In future research, the model could be set to stop until the
difference in solutions achieves a determined number or percentage. Furthermore, additional case
scenarios could be analyzed using the MO-FDTFAM in order to evaluate the trade-offs among fair
division characteristics of proportionality, envy-freeness, equitability, and efficiency.
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Glossary
Allocated to requested ratio: The ratio produced by dividing the total allocated funds to total
requested funds per participant.
Desirability: The worthiness or value that a certain item; in this case projects, represent to a
participant. In this model, desirability is measured in preference points on a 100 point scale.
Efficiency: There is no other allocation that is better for one participant and as good for all the other
participants.
Envy: The difference in ratios of allocated to requested funds between two participants.
Envy-freeness: Every participant thinks that he or she received the largest or most valuable portion of
something-based on his/her own valuation- and hence does not envy anyone else.
Equitability: Each participant feels that he or she received the same value as the other person.
Fair Division Methods: Methods used to divide a resource in a way that all the participants believe
that they have received a fair share based on proportionality, efficiency, equitability, and envyfreeness.
Participants: Persons, districts, or Metropolitan Planning Organizations (MPOs) that will participate
in the distribution of funds.
Proportionality: Each participant must receive at least 1/n of what they requested (n is the total
number of participants).
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Appendix A: Results from the Case Study
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Scenario 1: Budget available is $ 105,948,284 which is 50% of total requested by the Districts
Table A.1: Summary of Results of Distribution of Funds in Scenario 1 with Ranking Method.

Note: Total requested by districts is $211,896,568

Figure A.1: Funding Allocation Results per District in Scenario 1 with Ranking Method.
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Scenario 2: Budget available is $ 158,922,426 which is 75% of total requested by the Districts
Table A.2: Summary of Results of Distribution of Funds in Scenario 2 with Ranking Method.

Note: Total requested by districts is $211,896,568

Figure A.2: Funding Allocation Results per District in Scenario 2 with Ranking Method.
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Scenario A.3: Budget available is $ 169,517,254 which is 80% of total requested by the Districts
Table A.3: Summary of Results of Distribution of Funds in Scenario 3 with the Ranking
Method.

Note: Total requested by districts is $211,896,568

Figure A.3: Funding Allocation Results per District in Scenario 3 with Ranking Method.
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Scenario 4: Budget available is $ 190,706,911 which is 90% of total requested by the Districts
Table A.4: Summary of Results of Distribution of Funds in Scenario 4 with Ranking Method.

Note: Total requested by districts is $211,896,568

Figure A.4: Funding Allocation Results per District in Scenario 4 with Ranking Method.
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Scenario 1: Budget available is $ 105,948,284 which is 50% of total requested by the Districts
Table A.5: Summary of Results of Distribution of Funds in Scenario 1 with Optimization.

Note: Total requested by districts is $211,896,568

Figure A.5: Funding Allocation Results per District in Scenario 1 with Optimization.
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Scenario 2: Budget available is $ 158,922,426 which is 75% of total requested by the Districts
Table A.6: Summary of Results of Distribution of Funds in Scenario 2 with Optimization.

Note: Total requested by districts is $211,896,568

Figure A.6: Funding Allocation Results per District in Scenario 2 with Optimization.
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Scenario 3: Budget available is $ 169,517,254 which is 80% of total requested by the Districts
Table A.7: Summary of Results of Distribution of Funds in Scenario 3 with Optimization.

Note: Total requested by districts is $211,896,568

Figure A.7: Funding Allocation Results per District in Scenario 3 with Optimization.
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Scenario 4: Budget available is $ 190,706,911 which is 90% of total requested by the Districts
Table A.8: Summary of Results of Distribution of Funds in Scenario 4 with Optimization.

Note: Total requested by districts is $211,896,568

Figure A.8: Funding Allocation Results per District in Scenario 4 with Optimization.
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